%45 & 56 W H 31 b % # Vol. 45, No. 6
2019 £ 6 H ACTA AUTOMATICA SINICA June, 2019

ET RYE SRR F RSN ERIE TR L

TE MR BEW ROH

W E AXEEREMS (Echo state network, ESN) [ &5 M BTt inl i, £ H 2T S BURE 73 T B EL Ak [m] P RS ) 45 2 8
542 (Pruning algorithm for modular echo state network, PMESN). 1% ™ 4% t AH B 37 (1) 1 fifs -t i 1. 25 26 ) H &5 ks
M%7 FE 5 (Singular value decomposition, SVD) #1E fif & WARH BUE AR R, JFH) FH 23 Hoxt #y BE Jir 28 20 il fidg 4 8. 4R
S5 R T 2 AL ) RTRH 2 PR i A ) e, L2 ) R ZEX T Tifh o AEE ) R 50 AR P 23 RS R 8. R R
HRORE /N JA T 1k A T ABE R ) DR, R 30 190 28 A 325 87 A o 1 i 5 T S 1 A5, NI R B FE ARG T AL, £ W 458 1101
BYRERE R AT AR OB AT LA CRUE P45 1 (] AR R . S 25 U, I ER L ST AU T ESN 1Y R 2% £ 1 ot
i) R, B A BE M e 55 A KA DT TR PR P99 238 AR, LA 3L IRz A e 0 R 1t

KBEIE B ETRE, BRI RIS, AP E R, RS, W2 RS B

SIAE £, FARE BRW, KOoB T RBUE SR RS M B BT AL B3R, 2019, 45(6):
1136—1145

DOI 10.16383/j.aas.c180288

Pruning Algorithm for Modular Echo State Network Based on Sensitivity Analysis

WANG Leil 2 QIAO Jun-Fei' YANG Cui-Li* ZHU Xin-Xin®

Abstract To design the structure of echo state network (ESN), a pruning algorithm for modular echo state network
(PMESN) based on sensitivity analysis is proposed in this paper. The reservoir of PMESN is made up of independent
sub-reservoir modular networks. The weight matrices of sub-reservoir modular networks are obtained by the singular
value decomposition (SVD), and the reservoir is generated by the block diagonal matrix theory. The residual error’s
sensitivities to the sub-reservoir modular networks are defined by their outputs and weight vectors connecting to the
output layer. The significance of the sub-reservoir modular networks is determined by sensitivity. The model scale
adaptability is obtained and the sub-reservoir modular networks are sorted by the defined sensitivities. Then, the number
of requisite sub-reservoir modular networks is calculated by the model scale adaptability. The redundant sub-reservoir
modular networks with smaller sensitivities are deleted. In the pruning process, the echo state property can be guaranteed
without posterior scaling of the weights. The simulation results show that the proposed method can design the compact
structure of ESN effectively and has better generalization ability and robustness.
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RES. )z, st BARAETH A R B
FIT /b, SR 2 5 i fh 28 0 4 R RPE, B HR LR AU
IO DR G ey B v A AR BARAE 55

)

ESN fift & i 5 o8 & 207 5 H i B i %
(28100 0 g KRSl & By vE U OE A
PRI b v A LT e P A A%
NS5 R ESN Al K Hh elodt T AL S ESN, siflk 1
fE48 ESN fifi s BEHLYE. Rodan S50 T /)
SRt A, IR T ) B A4 £t (Simple
cycle reservoir, SCR), SCR AN{H & #4 faj # ifiy H. %
REAN T T A48 1) ESN, [l SCR HIsh#& et T
431 ESNBL A 45 [a] 7R 25 W9 48 AT oAk 4%
W, i &AL T E RS LA, Xue S53EH T f#
A FOAR A M 46 (Decoupled echo state network,
DESN), DESN ¥} it 2%t 1 22 A~ 1 filg £ W A4 i, (H
& AT 4 B T A T AN B )L AR
5T — R EAA PRI R AR 24 (Small
world echo state network, SWESN), SWESN 3]
JIRRPEECE L ESN B8 5, 8 HE . itk
M T A TAL S ESNIOL AS I 7 Sk
(R /NS Bl AR A W 4%, B T il s Vbl 22 765
(s 7 2, A H RS T R4, Jkh T ik
LR SR HPER. KON GR I B
gitatai g, HATHE SO0, HR Gl e ik vk
T2 BERTR (M R, TR IS A 2% s R S R ) 22
HA ESP Rtk ARIE M 25 e e M. Qiao %545 H
T BB R AR M 44 (Growing echo state
network, GESN), GESN [{)ifi £Vt FH 22 4> i 5 1t
AR, TR N Mg, 99 T s
Il PR A R, i HL, 75 A K R T i
26 L PR P BT T R, I R R £ Tt 5 56 R I R
TR PIY S Tel < RN 1 2 A - A i I 31
TR N — AR A R I 46, i 0 457 b ) 2 470
RAMETT, (BB T AR 22 AT ESP Rl
Dutoit 5525 H TIE B Ll 2t S 2 M 0R
BUESATE BTk i ESN iz Ak RE T, (HI2 B %)
B T BT, Wang 525 H T BURE B BT
5% SCR #4718 8 (Sensitive iterated pruning
algorithm-simple cycle reservoir, SIPA-SCR), &
SERIE— AR SCR, AR 5 3 B0 2 S5 I 1) i
et e oa L IE Ay V2O R 1 Ak 2 T i
25 VE e b i A T RN ASE, HC A SR 1 ) b 2 0 e LA
GE. WhECAES TR T Ly JEHGE WAL IR 7 ik
WA R K A A B 2L Sy Ly YR Ly S0A0TE W)
b, Xu 45 H T BN M (Adaptive elas-

tic echo state network, AEESN) [ 48 Hi i[5
AR FE I I T AW AL R B R 7%, B
IRGF (&R A R R BE ), & H TP & 45 25
MIPLALFI A, Duan %54 ESN 111 2R B A
HIEAZ fS AR AL 573 (Orthogonal pigeon-inspired
optimization, OPIO) PLit M 4% 25, Wit & it B
B, b Ae, Mgt A, S 45 ] K W] OPIO-ESN
HA B M g vERe, B LR B2 W S 4 )
B, Zhong %5 FH HEAL L X XU [ bR 25 19
NS EATIAL, WA TR 1% AR AR, e
SR, ok ESN A1k AR e Mk i AL AT
BUF 25 RIS Wang S5 R @3k kLT RO A6 7
(Binary particle swarm optimization, BPSO) it
ESN )4 th = 4, MMk 74421 ESN 454y
kg ESN 1 fES5 iz g 1506,

BEXFRL b ie) L, AR S T 3T R U S M )
B Il PR M 2B BT, v T ESN K454y
B ). AEPRUE 28 FE e VRT3 T, REMY R T 5
ISR 48 5, XARIE T M2 172 A Re

1 EFERTS ML

] PR A W 2% IR i 2 B N S A e BT AN el
UG, WA S . ESN WSR2, it &t
B R « i ANAUAE B A 48 A ¥ 45 7 22K
EENEREEA. ESN BEMmAR. &z,
b R AR =R, WA B R A ESN ) b
SRt 1 PR, SN R B A A VA AR R R
TEWZRRT BN E, H— B AR ORER I e AL,
SOt BUEBEAT VI . AT i SRt A ESN
(Original echo state network, OESN) A FEUI :

x(n+1) = tanh(W™u(n + 1) + Wa(n)) (1)

y(n+1) =W (u(n+1)" z(n+1)7)"  (2)

H, u(n) € RE z(n) € RN, y(n) € RE 4y
il ESN P 45 (1 i AN AZ R, il 2 IR A AR A
ﬁ?ﬂjﬁ%, Win c RNXK,W c RNXN,WOM c
REXEAN) 53 53| R 7R g NBUAEL AR B« il 26 b BUAEL R
B 0 BB A B tanh Ay fifg £t 441 28 T (1) 3800 R
. BT RIS R W, RN i + 1
N ZI TR WCAE N R ST X = [ X (Nmin +
1), X (M + 2), -+, X(P)]T (P A NZRkEARD),
Hr X(n) = [u(n), z(n)™]T, X511 4
Mk Z = [2(nmin + 1), 2(Nnin + 2), -+ -, 2(P)|" i
HHSLAE R B 1) o 55 2 2 e e /s — 3 m] 1

Wout — (X+Z)T — ((XTX)—lXTZ)T (3)
Horp, T ACERIFRFEE, X+ AR X ) 38,
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Fig.1 The basic architecture of the OESN without
feedback
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M 4% (Modular echo state network, MESN), Hfi
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Fig.2 The architecture of MESN without feedback

W& N gl s T4, MESN [ i &
6T PR AR B A gy B B 2 s (4) o,
W, (1 < @ < I) XS & A il 25 it AL
AR, X W, (1 < i < I) RH SVD 4 fi# &
B B S, R 8 BT A o AT B LA O A
FE S; = diag{o},02,--- 0"} (1 < i < 1,0 <
ol < 1), ng WD A TSR, 765 i
() RAEE ] CAAH [R], 0 m] AASAH ], AR $is 22 50 — M
H 2~ 5, T R B ) ) A A A i A
YRR, H e ande s, S0k, R i A2 oy 4 bl
BLUEZHBE U = (wik)niscnis Vi = (Vjk)niscns, SEH
wir, vk € (=1,1) (4,k = 1,2, ,n;), WWEE ¢

TR BRI W, = US,V, (1 = 1,2, -+, 1),
Hiar Ao, Wi 5 S, ARFEKETRE, Bl W,
1) TR SR Er X ER: KN ol W (RSB 22 i | N TR
(KT AT 77 AR R 2/ 1 1, W A2 P R AR AR P 1 58
IrPESAE. 2 R N AAUEFERE, s (5) B
R, Herp Wi (1 <6 < T) S @ A>Tt b
INBUEAERE. ©(n) i MESN Kifi s it RS R i,
=k (6) B, Kb a(n) (1 <i<1I) Wi AT
fifi %%t KRS AR B, L Al A Tt RS AR B BT A 5K
=X (7) Fros:

Wi
W,
E= (4)
Wi

win

. win
== | 6

Win
©(n) = (i (n),x; (n), -~ ,z;(n))"  (6)
©(n) = tanh(E"u(n) + EG@(n — 1))  (7)

B SR 0 ARSI N RS H;, =
[ X (Mmin + 1), Xi(Mmin +2), -+, X5(P)|T (1 <i <
I, J X(n) = [u"(n),zf ()] (n = N +
1, P), tHNIBEEHFEE R Z = [2(nmm +
1), 2(Mmin +2), -+, 2(P)]T, P RVIZRREAS, sz
X MESN [\ ECIR&MFFE H = [Hy, Hy, - -+, H
MESN A (1) 2 8t an =X (8) B, B s BUE &
B P e/ sk S, sk (9) Brow:

y(n) = H(W)*

(®)
Wt = (4 2)T = (HUH) ' HZ)T(9)
Horp, T ARKRHEFE A E, HT K H 1)) SGH.
2.2 REE R M LEHIEE R E R E X
id
y(n) = Hy (W) () + Hy(W3") () + -
H (W)™ (n)
R MBR S @ A7 2 v, U199 23¢ At 2 Ay
Y () = H(WP) () + o+ Ho (W) () +
Hoa (W) (n) + -+ Hi(WP™)T(n) (1)

4
(10)
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W2 (ly(n) —y' ()| = [H(W) T (n)], Kk,
S8 S 2 BRZERDS T35 0 A1 & B ) R B
A

P

1
Si: P_nmin Z |

N=Nmin+1

H(W) ()| (12)

S KR IE ¢ A TG BT HO T 22 2 ik 22 1
DT RR LR, I DL ER R R T DA il A v gk
THEF S) > S5 > - > S MIBRI 1 il &t A
DT RR FEROR, A SRR 22RO, Pt DA Y 6% RIS N i
(Model scale adaptability, MSA) At R % & X
H
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M = min{k|My >v,1 <k <IT} (14)

Hor, v (0 <y < 1) A WS UBLE Y 5 IME, M
1%%5@?%%1&1@%9’@%, I — M AICARM T
P BIERAN L, BIE v o LB vE e, A
T 7 R AAT DR fids 2 R Al R 55 7 9 2K,
TR B 107 fifs £ AR () B AU 5 B0k — 20 53

2.3 {8818 MESN

*ETE?&@&U”S ¥ I ATk s B v
SE>82 >...>6M > gMel > ... > 6 Horpy
ThE 1 < zj <I ﬁﬂFF?HUH’J?ﬁ%%/M%ﬂ%F?ﬁ s
br 1 <i < I AHP GG A B 0T 5.
X (13) A1 (14) EERT M APk 5 i B He 7 LR

M, 5 T — M MR i R = {i1,da, - i} TR
B 1 i A AR S, R = (i, in} K

TR P ik 2 M B RS S5 2. O T ORAF R B ik
AR REAAE B, AR B LA (5 5, SRR
(BT SAR  A 3 (10 35 S BT e DR B 1)1 i o5 v A
B AR, B~ A0
in in 1 d in
Wz ,new Wij + I—M Z +Wik (15)

k=M+1

B, < o< MWER WL AR
F%%jﬁ?%%@ﬁ&ﬁJ%%Aﬂﬁ%%
Wit (k= M+ 1, 1) BRI T At e ot
e AL, 5% (15) B AR T O
(660 T — M AT I BIEUR, SHRR 0 T-65 4t
FEH I (0 A4 T 357

R LA E T, Mgy 258 MESN (Prun-
ing algorithm for modular echo state network,
PMESN) )41 4 5%:

BB L. 4E P DNINGFEAR, M — MR
K MESN, Fift &AL A T A, Wl A
REHEER H, i th BB R Wonr, %E 1 2%
FIBEIEE N A

W 2. WR¥n H 1 Wont) tFRE 22 SRR ZERT 5
A TG M RIGE S,, IFX0 Tl & i et
T SL > 52 > > SM > gt > > 8T
Hr, ™hrl1<i; <1 ?’JHFI?HJH’J?%%/M%&}?
T, BbR 1 < < T RFFP I s e oy
73

P 3. MR E R S;, tha (13) it
A 0 2 AR I B M

HIE 4. MR M, Ay, B (14) e T4
TS H AN H, AN T 49 i o AR B 1) 5 A B AT
& BI1S 28T MESN [P i 2 BB PE Zews

W 5. XA R 1l A RN Y. PR A A A AEL
X (15) #ATHEFHAR =0

WIR 6. MBS 2% v SR R A
Hyon, JEVESLS I BUE R RN

LB 7. WL ) PMESN ZE47 .

Nifi 7Bt PMESN i 52 2%, PMESN (1)
TR R T T E 0 R AR 3

1) fifh 2% 0 ASUAR R B ) 4 3 ok B W AR A aE T
AT T AR E O(In?), THHE 1 i &t
I RUE IR A O(In), W2 FURBLIE B B 1 v
AR IE O(T), DR B I -1~ fidh 2% Tt A2 e i B0 1 ot
FEIRE O), Hrhn 11 &L, I 4]
A gL R, BRI E R LR
O(In*)4+0(In)+O(I)+0O(I) = O(I(n®*+n+2)).

2) M AUERERE T EOE R O((Mn)?), Horp
n ATAEEIRIL, M A OR B 01 it & i B 1 2
H.

Zra UL B AN BRI 40 #r, PMESN i85
FRBEAN OI(n® +n + 2) + (Mn)?). XL 2%
B SCRIEL, DESNE!, GESNS, STPA-SCRIM X
AEESNUS! (¥ 715757 e o B At m] DA b il 46 AN A
He) 3 A H B B ST 2. PMESN 1iH 55
Z&m T OESN. SCR Fl DESN. & 4 Y54 B 5256
e 5 BN RIS TR) 7 — g R B bt B 73X A )

3 TREMSH

SIEE 107, X T 8cA it R B ESN, fif &t
W RO tanh, 0 R A AU AR B ) 5 K7 5
1 omax < 1, W ESN HA7 [l FORARFE.

1 (REMER). XT38 A it s
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PMESN, fi# & W05 KA tanh, QR 7l £ 1BAL
fEAFE W (1 <4 < M) a7 {a ol (1<j<m)
WL 0<a<ol <b<1, W PMESN HA[HFHR
SRFE
MERR. MRF R B S (13) T 258 JUAR I Y i =X

(14) X il &R HEAT 18 BY J5 AR i 2 VAR KRR
Enew =diag{W, ,--- W, } =

diag{U;, S, Vi, -+ Uiy Sin, Vi t =

U'diag{S;,, -+ ,Si,, }V' =

U'diag{o; , - o0, 00, 00}V’

W, U = diag{U,,---,Uy,}, V' =
diag{Vi,, -+, Vi, } MIEZLH . W 2. 5
diag{S;,, - , S, } AAAFIA AL, W of (6, <
i < iy, 1 <5< my) N B WA RME, X
0<a<o <b<1, il B MRKTHME
Omax < 1. HIBIBEA 40, PMESN A7 [0] AR &4
PE. O

4 {RELI

ATTIEFE 3 M E L PMESN PEREE 4T
Xt LA 5T, AL45 Lorenz [ [a] 7 41 i 013, 18191 H:
2Rk R Ge RO —200 )y K A B I AR K B UK
FI20-2 56t L i) ) 2 B R Y SCRB), DESNEL
GESN®, SIPA-SCRIM K AEESNU3. i {jj ¢
S UG 157 7 F AR R 1 BR 05 b R AT IBRAR 6 AL
(i7-4790, CPU 3.60 GHz, 8.0 GB RAM), #:fF &
4t Windows7, Matlab #FhiA 2013b.

0 7 PMESN (9] $0000 11 5 A0 & 4 v, >
) 328 BB 7B 34 5 Ml iR 22 (Normalized root-mean-
square error, NRMSE) FIsZ5 & i R(0) 1E
oy 19X 8% 1) A i R 65 A 1 VPR HE AR AR 2 X0
ke

<
b
b

NRMSE = J 3 Gl —ym)*

So2
i h(e; —0)
R(9) = % (17)
1, <0
hle) = {0, z>0 (18)

Horr, 2(n) AW, y(n) ML, S iR
FEARS R, o2 WM %, J SRR s
I UEL, e A i RSEIR IR NRMSE, 0 4ik%E
M. R(O) F T AP Pl 22 AN K T 25 B
O HINEZ, R(0) BRI IH 0 25 )6 H e

4.1 Lorenz B8 F 5N

Lorenz Z 4 J& I 0] J3 21 $0 0 1) 28 it 356 HE bRy
Hls 18191 AR

(dz

Ezal(y—x)

d

dii{ =—xz+ax —y (19)
dz _

& =2y — a3z

. ar, a0 Flas ERHSE, N TRIE Lorenz &
G HLAT IR, XS RGBS H I EUE N 0y =
10,a2 = 28,a3 = 8/3. x(t),y(t),z(t) & Lorenz
R =S R, s, HIYH Runge-
Kutta J7iEA R 2500 NMFEAERAE, FIK, 47T
2 B S 1) ml SE ) B A AR B N34 ) 43 A 7E X )
[—0.001,0.001] LBENLEES. H Y — 4EFEA y(t)
YEE R 20 0, Nk [y(t — 2),y(t — 1), y(1)]7,
B y(t+ 1), EEIRFEAT, 17 1500 MEAH
TN, J5 1000 MEEAH TR, R T 5 k)
GaBEA I, SR GAEA T T 500 /. DAL
4 0.01, #1E x(0) = 1,5(0) = 1, 2(0) = 0.

T IRt A RS | ity 2% Y U FIASE LA A
WA 4% RSG5 1 4 X6) 19X 28 P RE Y S i), o DL 1 =
NS, o BEBEAR Y A R BUE ) PMESN #E47
WK, 6T BA B =ASSEA R, 53 04T h0T
PiEE 20 K. R 1 45 H T AR 7 il A5 Tt RS 1Y 4%
PEREME M, 3R 1 v LUE Y, B T 25 AR )
B8R, M NRMSE 8157 Y48 f b e 22 26 5 i 3
K, Bk Ay 5 IR/ ME, (H LI 2R
. JET i, AT S50 7 il A T AR A
5. 2 2 ¢t T i A AR RIS I 4% 1 i 1) S
fiti &M A G BT FE X [R] 24 [100, 600], RIS 100
H—k. tHER 2 wan, Bl 6k % oy an RS I 48 K
YIRS A2 WO, W NRMSE 284 L F A,
DR AN B K PR i 5 T R AR RS, 36 3 & il T I &%
TR Y, E BRIy 6 I Eg PERE 5T, v A 1 FFLR
BHTHCE] 0.1, FEOCGEERIBE R 0.1, ik 3 W LLE
2y BTN i 2% e ZE U ),
X NRMSE 7 v Bl 1~ 0.4 WAL LB, 24 Y
HY 0.3 ~0.1 I8 NRMSE &l 3 k. 3 35 B R 39
TIHT I T 1 fids 2% L ASE BROGE 6o I i P8 1) s i /0, R A
J55 R A% W ff b G il A VAR B R AT HE R, vl BLad i
VT y (P HUAELAS 21 5 46 5025 11 D9 4 A5 8

S T kI PMESN 03504 50k, 2351
5 SCR. DESN. GESN. SIPA-SCR & AEESN fi
XFEEHEST, FEAR R 44 R 3EAT 20 IRBISI AT B 1
MR E Rk 4 Pron, R 4 WTRUE H, BAR
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PMESN ¥ Il 25 I [R]AS A2 5 o 149, (EL A i 44 b dpe ¢
FRAR Ay 285, A tof oAt 1o 284 A 7R LA 55 5 135 (1) D) 4 4
Fy, i HEAA R mmvEge. K3 44 7 PMESN
K OESN 1 5 1#] Lorenz IS A 210 T 4 it A2
Tz, 3 AT LLE H PMESN 1M REML T
OESN. & 4 #4373+ PMESN Al OESN K&
M 75 (1) Lorenz I [R) /3 31 IR B e o e Bh 2, &
4 n[LLE H PMESN X454/ (1) Lorenz I [A]
JF 40 TR RV TF i My % T OESN. Misi{E 6 4
3x 1073 I, PMESN [1JSEEG it Dl % & 81%, K
21 OESN [ 2 i, iX378 PMESN HAT i = 1) 6
=

F£ 1  FESIENT PMESN G850

Table 1  Influence of sub-reservoir size on PMESN

T e

- W NRVSE
S il 2

25.12 8.92x 1073 8.87x 107*

27.23 4.56 x 1073 4.82x 1074

10 24.35 5.13 x 1073 5.48 x 107*

15 23.68 6.35x1073 6.69x10~*

20 22.19 6.98 x 1073 6.95x 107*

2RI IR RN PMESN M BE )52 1

Table 2  Influence of initial reservoir size on PMESN

et -
12;%” — Yk NRMSE
(i b

100 22.15 8.92 x 103 8.78 x 104
200 24.54 4.89 x 1073 4.82x 1074
300 26.36 4.72 x 1073 4.89 x 10—+
400 27.26 4.35x 103 4.48 x 10—+
500 28.39 3.99 x 102 4.06 x 10~*
600 32.68 4.82x 103 5.38 x 10—4

R 3 SHURGE N B PMESN YEBER S0

Table 3 Influence of fitness threshold of network size on

PMESN
WEAEOE ] — PP
WUEEE U I NRMSE P
gl bt
1 500 4.12 x 1073 4.23 x 10~4 432
0.9 500 423 x 1073 4.19x 10~4 413
0.8 500 4.08 x 1073 4.29 x 10~* 395
0.7 500 421 x 1073 4.36 x 10—+ 382
0.6 500 4.19 x 1073 4.06 x 10~ 4 365
0.5 500 4.15x 1073 4.13 x 10~4 329
0.4 500 4.02 x 1073 4.09 x 10~4 298
0.3 500 958 x 1073 9.37 x 10~¢ 275
0.2 500 558 x 1073 5.62 x 10~* 246
0.1 500 8.69 x 10~2 8.36 x 10~¢ 213
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Fig.3 Prediction results based on PMESN and OESN

for Lorenz time series with noise
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Table 4 Comparison of some parameters and simulation results of different models for Lorenz time series with noise

o ‘ﬁﬁ%ﬁﬁ fiti - M\é%%m&ﬁiﬂ: DRI () NRMSE o

WILEMIAE AR S FE A1 SEIE ARG
PMESN 500 285 0.8500  0.0100 0.4 28.85 4.01 x 1073 3.64 x 10~*
OESN! 500 500 0.8500  0.0500 25.32 8.38x 1073 6.38 x 1074
SCR/# 500 500 0.8000  0.0020 22.15 8.28 x 1073 8.16 x 10~*
DESN/®] 500 500 0.8000  0.0238 27.35 9.12x 1073 943 x 10~¢
GESNIel 50 400 0.9236  0.0200 81.35 3.96 x 1073 4.15 x 10~*
SIPA-SCR/[!1] 500 463 0.8500  0.0020 41.39 5.65 x 1073 5.68 x 10~*
AEESN[13] 500 385 0.8500  0.0500 31.39 5.31 x 1073 5.06 x 10~

“ RORIGSCER TGS

4.2 FELMRGEHHI

RGP AR HIE G S A BN
B, RGN B AR O Ok 2R IR AR A0 i N B
WG . TS bR R R R AR L 1, AR
M RGEHE VNN — A T R A ). IR 2R
PER G RGEH R B AR )8, BA R ZE, 9E
LMk B A HRE A, TR 2 I 24 1 2 5 R
71, HBCFBI H L (20) 45 19200 Hodn ) IRy
BN u(t) = 1.05 x sin(¢/45), it 4] 46 {8
y(1) = y(2) = y(3) = y(4) = 0, MBXH B A% A 4
X (21) Fow.

y(t+1) =0.72y(t) + 0.025y(t — )u(t — 1)+
0.01u(t — 2) + 0.2u(t — 3)

(20)
( Tt
in (2 t<2
sin (25) , 0<t<250
1.0, 9250 < t < 500
~1.0, 500 < t < 750
u(t) =
mt Tt
6( (=
06<10> L0 (32>+
¢
0.3 sin <;r5> , 750 < t < 1000
(21)

FELME RGO [u(t), y(t)]" KT y(t +
1). WZFEARN 1000, Il 2B A Bl 42 1)
F3r U 2000 MAFEAECH 1000, [FEF, AT
B UF S 1) T SEME, B R AR S N3 A S AT AR X (]
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Fig.5 Prediction results based on PMESN and OESN

for nonlinear system identification with noise
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Fig.6 Successful design ratio based on PMESN and
OESN for nonlinear system identification with noise
4.3 iFIKALIRISIE K KRR E TN

H K& % (Ammonia nitrogen, NHy-N) # &
SEVEN TG K AR BRI AR H KK I ) S22 4. SR, HY
JK NH-N e JSEAELUTIN, B0AT ARG DA A A A B
O, YA Ol e A ) 202U SRR sEEG h PMESN
B T P05 K AL B B K NH,-N R BEAE, S
WA R YR T b RO KA B 2016 4 6 1 1 H
#2017 45 H 31 H ) pg £, 18 S AR
YE N B S NAZ &, Sy AR A I AL . HioK pHL L
HZKEALIE [ A (Oxidation reduction potential,
ORP). #ifi#% (Dissolved oxygen, DO). J [#l{4&
774 (Total suspended solids, TSS). 7E51 Bk 75 2L
P m, 198 2029 HEIEFAATFAEAT I fLAL B,
1200 ZHEHAEAT T IR, Hrp il grdlerh 235 R
FEAHCH 200, f5 829 AIEHEFEAH TR,

AR A AR, 3BEAT 20 YO 7 L SE 5, i
M BBCE ML E R WNZE 6 Pros. ik 6 wf
LAt PMESN fiff 25t fie X B /S, S Ky K%,
HAT B Wz A RE 1, B I R I ) AN 2 fi R ).
7 45t T K NH-N o R ) i 25 SR
7 Yil] PMESN HATEUFTERE. Kl 8 45 T AT
PMESN #1 OESN [ R B v il D, B2 0.1
I, OESN [ B vl e 2h % 2 30 %, 1t PMESN
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Fig.7 Prediction results based on PMESN and OESN
for effluent NH4-N prediction
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Table 5 Comparison of some parameters and simulation results of different models for nonlinear
system identification with noise
fifi it fiti it P 258 R NRMSE
o 2 A 7Y Wi i g YIZRI ] (s)
IR T ;2 A T N2
PMESN 500 245 0.8500 0.0100 0.5 39.88 0.0359 0.0020
OESN(! 500 500 0.8500 0.0500 - 34.46 0.0723 0.0023
SCRI#! 500 500 0.8000 0.0020 - 29.86 0.0692 0.0021
DESN! 500 500 0.8000 0.0238 — 36.85 0.0812 0.0022
GESNI9] 50 400 0.9236 0.0200 - 83.69 0.0436 0.0019
SIPA-SCRI!1 500 445 0.8500 0.0020 - 45.66 0.0582 0.0024
AEESN[3] 500 376 0.8500 0.0500 - 37.79 0.0519 0.0018
“ FORESCERTT T 2
# 6 ST AR K NH-N 35 00 10 2 50 )7 FLE5 JExt L
Table 6 Comparison of some parameters and simulation results of different models for effluent NH4-N prediction
fiti %1t fiti %5t P 2% KA ) NRMSE
o] 2 457 RS i i ER N ENE)) )
IR R IR Z A N S5 [ SR bz
PMESN 500 255 0.8500 0.0100 0.4 38.83 0.2039 0.0198
OESNMI 500 500 0.8500 0.0500 - 32.19 0.3328 0.0232
SCR! 500 500 0.8000 0.0020 - 29.86 0.2938 0.0286
DESN/®! 500 500 0.8000 0.0238 - 35.92 0.3426 0.0312
GESN!9] 50 400 0.9236 0.0200 - 91.08 0.2236 0.0022
SIPA-SCRI! 500 458 0.8500 0.0020 - 44.26 0.2935 0.0301
AEESND3] 500 365 0.8500 0.0500 - 39.33 0.2899 0.0268
“ FORESCERT TS
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